Abstract-When operated in an obstacle-rich environment, such as a mountain valley, legacy GPS receiver architectures often experience degraded accuracy due to dense multipath and/or signal masking. To mitigate challenging effects, we propose Multi-Receiver Direct Position Estimation (MR-DPE). MR-DPE is based on existing works in Direct Position Estimation (DPE), which directly estimates the navigation solution in the position domain. This approach provides deep inter-channel couplings and information redundancy.
I. INTRODUCTION
The key advantages of Global Positioning System (GPS) over other navigation technologies include its worldwide coverage [1] and its infrequent need for receiver calibration. These unique characteristics make GPS highly suitable for airborne platforms [2] , whose operation is often constrained by land-based radio beacons and the drifting accuracy of inertial navigation equipment [3] , [4] .
Under an ideal signal environment, a legacy GPS receiver estimates the ranges between its antenna and each visible GPS satellites. Based on these ranging measurements, the receiver uses triangulation to form a position-velocity-time (PVT) solution [1] , [5] . However, this receiver architecture bears weaknesses when the signal environment deteriorates due to adversarial effects, such as multipath and terrain masking [6] - [8] . The robustness of a receiver is therefore the receiver's ability to maintain accuracy and availability under these nonideal signal environments.
Existing works on GPS receiver robustness has explored a myriad of approaches [9] , [10] . In particular, [11] - [17] discussed Direct Position Estimation (DPE), which directly estimates the navigation solution in the position domain, eliminating the need for intermediate ranging measurements. This approach creates a deep coupling across satellite channels, and effectively utilizes weak signals that would have otherwise been discarded.
In this paper, we propose Multi-Receiver Direct Position Estimation (MR-DPE). MR-DPE is a novel GPS receiver architecture that organizes multiple standalone DPE receivers into a receiver network to gain information redundancy. This network synthesizes a unified, network-wise PVT solution. MR-DPE aims at improving receiver robustness under 1) multipath and 2) terrain masking through three major aspects: 1) On the receiver level, MR-DPE inherits the robustness from the individual DPE receivers [14] , [17] - [19] . 2) On the network level, since the antennas baselines are fixed, we aggregate the measurements taken at each receiver through linear transformations. This creates a measurement redundancy. 3) When the antennas are installed onto different areas of a single, rigid platform, each of these antennas may hold a different, incomplete sky-view. We create a more complete observation by incorporating the information these antennas respectively capture. This geometric redundancy facilitates a higher level of robustness. We conducted a series of full-scale flight tests on a highdynamic fixed-wing aircraft to evaluate the robustness of MR-DPE. We focused on scenarios where multipath and terrain masking effects were likely to occur. The data was then processed by our MR-DPE implementation on a softwaredefined radio.
The remainder of the paper is organized as follows. Section II briefly recaps the DPE algorithm. We then move on to provide technical details for MR-DPE in Section III. Section IV describes our implementation for MR-DPE, as well as the experiment set up we used to validate MR-DPE. The results of the experiment are presented in Section V. Finally, section VI summarizes the paper.
II. DIRECT POSITION ESTIMATION
Observe that, for a generic GPS receiver, the raw signal Y can be modeled as:
Y : GPS signal model for all visible satellites
where Prior works [11] , [17] , [20] have shown that the synchronization parameters (e.g. φ code , f carr ) are a function of the navigation parameters, X. This underlying principle, as expressed in equations (1) and (2), is the foundation for any GPS receiver.
What sets DPE apart from other receiver architectures is that, instead of deriving X from the synchronization parameters, a DPE receiver populates a grid of "candidates",X m . Each DPE candidate 1) is a unique combination of [x, y, z, cδt,ẋ,ẏ,ż, cδt] coordinates; and 2) represents a potential solution for X. The goal of the DPE receiver is to evaluate each candidate's likelihood, P(X m ), of being the navigation solution. Fig.  1 depicts a simplified, 2D candidate grid, complete with the likelihood manifold that illustrates the distribution of the likelihood.
In this paper, we follow our prior work on the efficient DPE receiver implementation in [17] . The most distinguishing feature of [17] is that it decouples the search space for X into two separate search spaces for x andẋ. [17] delivered significant improvement in robustness over legacy architectures, while maintaining a relatively low time complexity for the otherwise computationally intensive DPE algorithm. The detail of this decoupling process is beyond the scope of this paper. It is sufficient to know that, instead of generating one likelihood manifold P(X m ) for the full navigation solution, this implementation generates two manifolds: one for position/clock bias, and the other for velocity/clock drift. That is:
x m : m-th position/clock bias candidate Fig. 1 . 2D example for DPE candidate grid,Xm, and its likelihood distribution, P(·) [21] = [x m ,ŷ m ,ẑ m , cδt m ] x n : n-th velocity/clock drift candidate
Likelihood function for m-th position and (5) clock bias candidate F(x n ) : Likelihood function for n-th velocity and (6) clock drift candidate
The receiver states, x andẋ, can then be estimated from R(x m ) and F(x n ), respectively.
III. MULTI-RECEIVER DIRECT POSITION ESTIMATION
In MR-DPE, K DPE receivers are organized into a receiver network. This receiver network is designed to operate with stationary GPS antenna geometry; that is, the antenna baselines, b k , are fixed with respect to the local coordinate frame (e.g. the East-North-Up frame, ENU). Hence, while each individual receiver makes a different signal observation Y k , the measurements they take (i.e. the likelihood manifolds R k and F k ) can be projected through the coordinate frame with linear transformations, such as rotations and translations. In MR-DPE, we aggregate the measurements at the network centroid, O. The centroid is also defined as the origin of the local coordinate frame. We use these aggregated measurements to generate a unified navigation solution, X o . Fig. 2 depicts the measurement aggregation process with an example, where the position likelihood manifolds R k of the individual receivers are projected toward the centroid. A rigid platform, such as the fixed-wing aircraft shown in the example, provides the fixed baselines essential for MR-DPE. Fig. 2 also highlights the need for MR-DPE to obtain the attitude of the network (platform), which is the tether between the global coordinate frame (in which measurements are made at the individual DPE receivers) and the local frame (in which the baselines b k are defined and the projections are made). Fig. 3 illustrates the architecture of our MR-DPE algorithm, which operates iteratively to estimate the network centroid's PVT coordinate. For the purpose of clarity, insets (i)-(iv) reuse the example introduced in Fig. 2 . An iteration consists of the following steps: 1) Initialize the network PVT coordinate, X o , and attitude, α, where
α : Network attitude: yaw, pitch and roll
They can be initialized in a variety of fashions, including a) values from previous iterations, b) manual inputs, or c) external navigation sources e.g. a scalar tracking receiver. The initialization ensures that the range of the candidates will contain the navigation solution [17] , [20] . 2) Generate the position and velocity candidate grids,x o,m andx o,n , surrounding the centroid initialization point, wherê
x o,m : Network position/clock bias candidate, m-th
x o,n : Network velocity/clock drift candidate, n-th
This is depicted in Fig. 3 Fig. 3 as step (ii) . The black candidate grid previously surrounding the network centroid is now replaced by the four colored grids surrounding their respective antennas. The network attitude, α, can be derived from the velocity vector [22] . Under this scheme, it is assumed that the network's travel direction is aligned with its attitude. Another approach, which we proposed in [20] , uses multiple attitude candidates and a DPE-inspired approach to assign likelihood values to different attitude candidates. Last but not least, this information may be provided by an external source e.g. an inertial measurement unit. For the velocity gridx o,n , we observe that the velocity over different parts of a rigid platform is relatively uniform (as it is rigid). We therefore assignx o,n directly to each receivers. That is, x k,n : k-th receiver velocity/clock drift candidate, n-th
4) Evaluate the likelihood distribution of the candidate grids, on a receiver-by-receiver basis. This generally follows the single-receiver DPE operation discussed in Section II and [17] . The main difference is that each receiver now uses the projected candidate gridsx k,m andx k,n , instead of the grids the individual receivers would have respectively generated. Following the evaluation, we obtain two likelihood manifolds per receiver. They are:
This is shown as step (iii) in Fig. 3 . 5) Aggregate the manifolds of the individual receivers and create network-wise manifolds for the position/clock bias and the velocity/clock drift. That is: This step is shown as step (iv) in Fig. 3 . 6) With R o and F o in place, we derive the navigation solution, X o , with the weight averaging method; that is:
The last step is to time-propagate the navigation solution, in order to provide initialization for the next iteration.
where ∆T : Propagation time step; sampling period
The iteration concludes.
IV. IMPLEMENTATION AND EXPERIMENTS
We implement the MR-DPE algorithm on our Python-based software-define radio (SDR) research kit, PyGNSS. PyGNSS facilitates highly-flexible, object-oriented implementation of new GPS receiver algorithms, and the verification thereof [22] , [23] . PyGNSS takes intermediate-frequency raw GPS data as input, which we collect with commercial off-the-shelf radio front-end equipment. Each front-end, an Ettus Research TM Universal Software-radio Peripheral (USRP), collects data at L1-band from one active antenna installed on the platform. These USRPs are collectively clocked by a Microsemi R SA.45s chip-scale atomic clock (CSAC). The CSAC provides all front ends with a clocking signal at a very low drift rate cδt, thus considerably reducing clock-originated errors.
Our experiment platform was a high-dynamic, fixed-wing aircraft, weighing 12,000 lbs upon take-off. We installed four GPS L1 active antennas onto the aircraft, with one at each wingtip, one in front of the cockpit canopy, and one on top of the empennage. The antenna baselines b k were accurately measured using a FARO R FaroArm portable coordinate measuring machine (PCMM). Each antenna was connected to a CSAC-clocked USRP. Raw data was recorded with a laptop on board and later processed with the PyGNSS-implemented MR-DPE receiver.
Our test points were selected to examine MR-DPE's performance under dense multipath and terrain masking. These test points include operating the aircraft at high ground speed (greater than 80 m/s) in a mountainous area, significantly below the ridge line of the immediately surrounding terrain.
The outputs of MR-DPE were compared against those of a legacy scalar tracking receiver, which was also implemented with PyGNSS. V. RESULTS AND ANALYSIS Fig. 4 shows the receiver outputs during one of the test points. The aircraft was traveling below 1800 meters (above mean sea-level, MSL) in Kern River Valley, California, near Hockett Peak (2607 meters MSL), which is located at (36.2216
• N, 118.3887
• W). Meanwhile, the surrounding terrain on either side of the valley exceeded the aircraft's altitude by more than 2400 meters within the 3-kilometer radius.
Our MR-DPE implementation, shown on the left, maintained good tracking of the flight path throughout the test point. In contrast, three out of the four scalar tracking receivers, as shown on the right, lost track shortly after entering the high-terrain area, north of Kernville, CA.
VI. CONCLUSION
In summary, we have presented a novel MR-DPE architecture and discussed the robustness advantage of MR-DPE over legacy scalar tracking. We have conducted experiments on a fixed-wing aircraft to test MR-DPE under dense multipath and terrain masking. We have demonstrated that MR-DPE provides improved accuracy and robustness against multipath and terrain masking, effects that are commonly encountered during critical flight phases.
